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Systems and methods for medication fillings management
are disclosed. For example, user information and/or refill
schedules associated with users may be utilized to predict
which users are likely to miss a medication refill. The
presently disclosed systems and methods may determine
health indicators associated with users and, by utilizing one
or more machine learning techniques, determine which
health indicators, alone or in combination, are associated
with users prone to missing refills. As such, the system may
predict users that are likely to miss a refill and may generate
preemptive, targeted refill reminders in order to prevent the
missed refill before 1t occurs.
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PROSPECTIVE MEDICATION FILLINGS
MANAGEMENT

BACKGROUND

Patients consuming prescription medications on a regular
basis may sometimes fail to obtain refills for a variety of
reasons. When a patient fails to obtain a refill, there may be
an 1ncreased likelithood for health-related complications,
leading to increased medical care expenses for both the
individual and their insurance provider. Described herein are
improvements in technology and solutions to techmical prob-
lems that can be used to, among other things, assist with
prescription refills.

BRIEF DESCRIPTION OF THE DRAWINGS

The detailed description 1s set forth below with reference
to the accompanying figures. In the figures, the left-most
digit(s) of a reference number 1dentifies the figure 1n which
the reference number first appears. The use of the same
reference numbers 1n different figures 1ndicates similar or
identical items. The systems depicted 1n the accompanying
figures are not to scale and components within the figures
may be depicted not to scale with each other.

FIG. 1 illustrates a schematic diagram of an example
environment for prospective medication fillings manage-
ment.

FIG. 2 1illustrates an example of generating or training a
model to identily one or more users at risk for missing a
medication {ill.

FIG. 3 illustrates a functional block diagram of an
example system for prospective medication fillings manage-
ment.

FIGS. 4-6 1llustrate various tlow diagrams of example
processes for prospective medication fillings management.

DETAILED DESCRIPTION

Systems and methods for prospective medication fillings
management are described herein. For example, certain
users that are prescribed medications may be prone to
missing refills for a variety of reasons. In some 1nstances,
indicators such as social factors, medical history, and other
user mformation may be associated with a higher likelithood
that a user will miss a refill. With conventional systems, an
alert can be sent, such as from a pharmacy, to a system after
a user has already missed a refill. However, receiving an
alert after a missed refill does not allow the system to take
active steps to prevent the missed refill from occurring and
avoid the negative eflects, such as adverse health eflects,
higher costs of healthcare, etc. In addition, conventionally,
the alert 1s generated after a certain period of time has lapsed
to ensure accuracy (e.g., 1f the alert 1s sent too soon, the user
may still refill). Thus, steps cannot be taken to remind the
user ahead of time or 1n a timely manner after the refill 1s
missed. As such, the need arises to implement systems and
methods for prospective medication fillings management
that will allow a system to accurately determine indicators
associated with high-risk users in order to predict which
users are likely to miss a refill. In this way, the system may
take preemptive, targeted measures to prevent the missed
refill in a timely manner.

The present invention 1s directed to systems and methods
that employ predictive techniques and machine learning
models to accurately predict that a user will miss a refill and
take proactive steps to prevent the missed refill from occur-
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ring. For example, the system may access, or receive, user
information associated with one or more users that are
prescribed one or more medications. The user information
may include user data such as demographic data, medical
history, physical characteristics, prescription information
including refill schedules, etc. that may be obtained from a
user database, are provided by the user, and/or are accessed
from one or more medical databases. The system may
analyze the user information to identity one or more health
indicators associated with users. For example, the system
may determine a refill history of the wuser(s), social
indicator(s) (e.g., low income or lives 1n a rural area),
medical history indicator(s) (e.g., history of mental 1llness,
alcoholism, etc.), and/or prescription indicator(s) (e.g., how
many prescriptions are prescribed to the user) associated
with the user(s). In addition, based at least 1n part on the user
information, the system may also determine when a user 1s
due for a refill of a prescription.

In examples, the system may utilize the one or more
health indicators to determine that a probability the user wall
miss refilling the prescription exceeds a certain threshold.
For example, the system may determine a refill history
associated with the user to determine a probability that the
user will miss refilling the prescription. The system may
then determine 11 the probability exceeds (e.g., 1s above, for
example) a predetermined threshold, indicating that the user
1s high-risk. For example, the system may determine 1f there
1s a 40% or higher probability that the user will miss his/her
refill. If the probability exceeds the threshold, the system
may activate one or more reminder mechanisms to deter the
user from missing the refill. For example, the system may
send a reminder to a user device associated with the user,
contact a caregiver and/or care facility of the user, etc.

Additionally, the system may receive a refill indication
that the user has interacted with the reminder and/or that the
user has refilled the medication. For example, the system
may recerve an indication that the user has scheduled a refill
via the reminder and/or a refill notification from a pharmacy
that processed the refill. Based at least 1n part on the refill
indication and the one or more health indicators, the system
may determine if the reminder, type of reminder, and/or
content of the reminder was eflective 1n aiding the user 1n
refilling the medication they were likely to miss.

In the examples described herein, the system may perform
similar operations regarding multiple users. For example,
the system may receive and/or access user information
regarding a multitude of users. Utilizing the user informa-
tion, the system may determine one or more health indica-
tors of one or more of the users, determine probabilities that
such users will miss a medication refill, generate reminders,
recerve refill indications, and determine an eflectiveness of
the reminders. From this information, the system may imple-
ment one or more machine learning techniques to determine
which indicators, individually or in combination, are asso-
ciated with users likely to miss a refill and/or responsive to
reminders for refilling his/her medications. In addition,
through the one or more machine learning techniques, the
system may learn the type of reminder that 1s most effective
among high-risk users.

Additionally, or alternatively, the systems and methods
described herein may be configured to determine, based at
least 1 part on the refill indications received, whether to
generate and transmit future reminders to a user and/or what
type ol reminders are elflective for a particular user. For
example, the refill indicator can indicate that the user that
received the refill reminder has not interacted with the
reminder and/or has not refilled his/her medication. As such,
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the system may determine that the user should not receive
future reminders. Alternatively, the refill indicator may
indicate that the user has interacted with the reminder and/or
has refilled his/her medication and should receive future
reminders. In addition, the refill indicator may be compared
with a certain threshold of effectiveness. For example, 11 the
user has/has not interacted with a certain percentage of
reminders, the user may or may not recerve future remind-
ers. In addition, the refill indicator(s) may indicate that the
user has interacted with some reminders and not others. As
such, the system may determine that a type of reminder 1s
more ellective for the user and may only transmit that type
of reminder to the user in the future.

By using predictive learning techniques, the system may
proactively target users who are prone to missing refills and
ensure that eflective reminders are sent that will ensure a
user response. In this way, accessible user information can
be utilized to increase refill compliance and reduce elevated
health care costs associated with missed refills. In contrast to
conventional techniques mvolving human decision-makers,
the techniques described herein allow the system to make
real-time and/or automated predictions and determinations
regarding user refill behavior, whether a reminder should be
sent, the type of reminder, etc. with improved speed and
accuracy.

Additionally, the rules, algorithms, and various tech-
niques described herein are designed to be implemented
utilizing computerized components, as described herein, and
could not be performed by human decision-makers while
achieving the same results. In addition, the results achieved
from the combination of steps performed and/or data points
considered, allow the algorithms and machine learning tech-
niques to constantly improve the functioning of the com-
puterized components. For example, by more accurately
predicting users at risk for missing a refill, based on a
specific method and/or data points, the system may send out
less reminders, reminders less frequently, etc. as a result of
determining/predicting which users to target, the type of
reminder to send, when to send the reminder, and/or the
content of the reminder. More specifically, since the system
can determine/predict characteristics of reminders with
greater accuracy, to increase eflicacy of the reminders, the
computer may utilize less resources sending extraneous
reminders. In addition, by refining the process using
machine learning techniques and iterative algorithms, the
computer may increase elliciency as more data points are
collected.

Also, the user alerts, or reminders, described herein are
time-sensitive 1n nature and configured to be transmitted to
a user device in real-time for display on a user device via an
interface, application program, etc. In this way, the remind-
ers will cause the user device to display the reminder 1n a
timely manner and increase the likelithood that the user waill
interact with the reminder and fulfill his/her refills.

The present disclosure provides an overall understanding,
ol the principles of the structure, function, manufacture, and
use of the systems and methods disclosed herein. One or
more examples of the present disclosure are illustrated 1n the
accompanying drawings. Those of ordinary skill in the art
will understand that the systems and methods specifically
described herein and illustrated 1n the accompanying draw-
ings are non-limiting embodiments. The features 1llustrated
or described 1n connection with one embodiment may be
combined with the features of other embodiments, including
as between systems and methods. Such modifications and
variations are intended to be included within the scope of the
appended claims.
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Additional details are described below with reference to
several example embodiments.

FIG. 1 1illustrates a schematic diagram of an example
environment 100 for prospective medication fillings man-
agement. The environment 100 may include, for example, a

system 102 configured to recerve user information including,
user data 104 and refill data 106 via a network 108. It should
be understood that, while FIG. 1 depicts one system, the
environment 100 may include any number of systems con-
figured to operate independently and/or in combination and
configured to communicate with each other via the network
108. It should also be understood that while the object 1s
described as a “system,” the object may be considered a
device. The components of the system 102 will be described
in detail below.

For example, the system 102 may include one or more
processors 110, one or more network interfaces 112, and
memory 114. The memory 114 may include one or more
components, such as, for example, a user data component
116, a refill data component 118, an indicator data compo-
nent 120, a probability data component 122, a reminder
alert(s) component 124, and one or more machine learning
components 130. At least some of the components of the
memory 114 will be described below.

The user data component 116 may be configured to store
and/or access data associated with the system 102. The data
may be any data associated with the system 102. In
examples, the data may be the user data 104. For example,
the user data 104 may be data associated with multiple users
130 utilizing the system 102. In particular, the user data 104
may include data associated with at least some of the users
130 including, but not limited to, personal data, demo-
graphic data, health data, physical characteristic data, pre-
scription medication data, social data, and/or any other data
provided by the users 130 or able to be obtained from
medical records associated with the users 130.

In examples, the user data 104 may be transmitted to the
system 102 via the network 108 from one of the users 128
or a third-party system. In other examples, the user data 104
may be accessed from an external storage component, such
as a database or cloud-based storage device, by the system
102. The user data 104 may be utilized by the system 102 to
determine one or more health indicators associated with at
least some of the users 130, as described herein.

The refill data component 118 may be configured to store
and/or access additional data associated with the system
102. In examples, the additional data may be the refill data
106. For example, the refill data 106 may include data
associated with one or more medications 130 prescribed to
the users 130. In particular, the medications 130 may include
maintenance medications (e.g., medications taken on a regu-
lar basis for a prolonged period of time) and/or any other
medication requiring a refill. Note that the term refill may
herein refer to a fill, and vice versa.

In examples, the refill data 106 may be transmitted to the
system 102 via the network 108 and/or may be accessed
from an external storage component, such as a database or
cloud-based storage device, by the system 102. The refill
data 106 may be utilized by the system 102 to determine
information associated with a refill for each medication

prescribed to at least some of the users 130. For example, the
refill data 106 may include, but not be limited to, data

assoclated with the medications 130 such as name, brand
information, approved generics dosage, refill frequency,
refill schedules, remaining refills, preferred pharmacy, and/
or any other information pertinent to a prescription refill.
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In examples, the indicator data component 120 may be
configured to access the user data 104 of the user data
component 116 to determine one or more health indicators
assoclated with at least some of the users 130, such as a refill
history, medical conditions, physical characteristics, social
indicators, etc. For example, the indicator data component
120 may utilize the user data 104 to determine the refill
history associated with the user. The refill history may
indicate a frequency with which the user fulfills and/or
misses refill requirements for his/her medications 130. In
other examples, the indicator data component 120 may
utilize the user data 104 to determine whether the medical
history associated with the user includes any medical ail-
ments or chronic illnesses. For example, the user data 104
may include medical history data for the user and the system
may analyze the user data 104 to determine 11 the user has
any medical conditions such as alcoholism, mental health
afllictions, etc. that may indicate that the user may be at risk
for missing a medication refill. Additionally, the indicator
data component 120 may utilize the user data 104 to
determine one or more physical characteristics associated
with the user. For example, the medical history data may
indicate one or more physical characteristics such as eye
color, obesity, etc. Additionally, the indicator data compo-
nent 120 may utilize the user data 104 to determine one or
more social indicators such as a living situation (e.g., living,
at home, with a caretaker, 1n an assisted living facility, etc.),
a marital status, access to transportation, etc.

In examples, the probability data component 122 may be
configured to store probability threshold data associated
with the system 102 and/or determine refill probabilities
associated with the users 132. For example, the probability
data component 122 may access the health indicators deter-
mined by the indicator data component 120 to determine a
probability, or likelihood, that the user will miss a medica-
tion refill. As described herein, the health indicator(s) may
indicate a refill history, social indicators, etc. associated with
the user. As a specific example, based at least 1n part on the
refill history indicating that the user has missed a certain
percentage of his/her previous refills, the probability data
component 122 may determine that the user 1s 50% more
likely (e.g., has a 50% probability) to miss an upcoming
refill.

In addition, the probability data component 122 may
utilize one or more machine learning components 130, as
described herein, to determine the probability threshold data
associated with a user or group of users based at least 1n part
on historical data. For example, the probability data com-
ponent 122 may utilize one or more machine learming
components 130, described 1n greater detail below, to deter-
mine that users who do not own a motor vehicle are 10%
more likely to miss a refill. This probability data, combined
with the probability data determined based at least 1n part on
the one or more health indicators, may be utilized to
determine an overall probability that the user will miss an
upcoming refill. In the examples described herein, one or
more predictive algorithms and/or application programming,
interfaces (APIs) may be included and may be utilized by the
probability data component 122 to calculate the probability
data associated with the users 130.

Additionally, the probability data component 122 may
store probability thresholds that have been predetermined by
the system 102 or pre-programmed 1nto the system 102. For
example, the system 102 may have previously determined a
threshold that, 11 exceeded, causes the system to generate a
user alert. Alternatively, or 1n addition to, the system 102
may have been preprogrammed with probability thresholds
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6

based at least in part on data, observations, etc. The prob-
ability data component 122 may compare the determined
probability with the stored probability to determine whether
to generate a reminder, or user alert, to send to the user. For
example, the system 102 may have determined that 1t 1s
worthwhile to generate a reminder 11 the probability thresh-
old exceeds a 40% likelihood that the user will miss a refill.

In examples, the reminder alert(s) component 124 may be
configured to generate and transmit reminder alert(s), such
as refill reminders to the users 130, and receive user
responses associated with the reminder alert(s). For
example, the reminder alert(s) component 124 may receive
a signal from the probability data component 122 to cause
the reminder alert(s) component 124 to generate a refill
reminder for a user. As described above, when the probabil-
ity data component 122 determines that a determined prob-
ability exceeds a probability threshold, the probability data
component 122 may transmit a signal to the reminder
alert(s) component 124 to cause the reminder alert(s) com-
ponent 124 to generate a refill reminder. The refill reminder
may include, but not be limited to, a notification for display
on a device associated with the user, a communication to
caregiver or facility associated with the user (e.g., as indi-
cated by the user data 104), etc. Additionally, 1n examples,
the notification or communication may include a service
and/or service suggestion that may assist the user in sched-
uling a refill, such as a link to a pharmacy website, a link to
or schedule suggestion for a means of transportation, efc.

Additionally, the reminder alert(s) may be configured to
cause an application residing on the user device to be
activated and display the alert to the user. For example, the
reminder alert(s) may cause a device application to activate
and display the refill reminder including reminder informa-
tion and/or generate an interactive user interface including
the reminder information, selectable elements, interactive
links, etc. In addition, due to the need to adhere to a
prescribed refill schedule, the reminder alert(s) may be
time-sensitive in nature. For example, the refill reminders
may be configured to be transmitted to the user device n
real-time as the user’s likelihood to miss a refill 1s deter-
mined and/or within a certain time period before the refill 1s
due. For example, the reminder alert(s) component 124 may
determine, through predetermined parameters or machine
learning techniques, that the refill reminder must be trans-
mitted during a certain time of day and/or at least a certain
amount of days/hours/minutes before a refill 1s due 1n order
to mcrease the eflectiveness of the alert.

In examples, the reminder alert(s) component 124 may
utilize one or more of the user data 104, the indicator data,
and/or the machine learning components 126 to determine
the most eflective type of reminder for user(s) and/or when
and how 1t 1s transmitted. For example, the reminder alert(s)
component 124 may access the user data 104, via the user
data component 116, the one or more health indicators, via
the indicator data component 120, and/or the probability
data, via the probability data component 122, to determine
one or more aspects of the refill reminder. For example, the
user data 104 may indicate that the user does not have a
mobile device and/or resides 1n a caretaker facility. In this
instance, the reminder alert(s) component 124 may deter-
mine that the refill reminder should include a communica-
tion directly to the caretaker facility. In another example, the
one or more health indicators may indicate that the user
resides 1n a rural area that 1s not in close proximity to a
brick-and-mortar pharmacy location. In this instance, the
reminder alert(s) component 124 may determine that the
refill reminder should include a link to an online medication
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provider. In yet another example, the one or more machine
learning components 126 may provide data indicating that,
based at least 1n part on historical data, the user 1s more
likely to respond to an email refill reminder rather than a
mobile refill reminder. In this instance, the reminder alert(s)
component 124 may determine that the refill reminder
should only include an email commumnication to the user.

In examples, the reminder alert(s) component 124 may be
configured to receive, via the network 108, and/or store data
relating to, any user interaction with the transmitted refill
reminders. For example, the reminder alert(s) component
124 may be configured to receive an indication that at least
one of a user interaction with a refill reminder and/or a lack
of interaction with the refill reminder. In addition, the
indication may further include the type of user interaction
recetved, such as a selection, a dismissal, etc. associated
with the type and/or content of the refill reminder. The one
or more indications may be stored, either locally or remotely,
within a database for access by the system 102.

Further, the memory 114 may store one or more machine
learning components 130 configured to train, or create, one
or more medication {illings management models. As
described in more detail in FIG. 2, the machine learning
component(s) 130 may receive, such as during a user
onboarding process and/or set-up process, training data that
1s utilized to train, generate, or otherwise determine the
medication fillings management models. For example, the
machine learming component(s) 130 may execute one or
more algorithms (e.g., decision trees, artificial neural net-
works, association rule learning, or any other machine
learning algorithm) to train medication fillings management
models that determine, based at least in part on various data,
one or more health indicators, individually or 1n combina-
tion with each other, that indicate that a user will likely miss
a medication refill, an eflectiveness of transmitting a
reminder communication, and/or an eflectiveness associated
with various aspects of the type of reminder such as content,
time, date, and/or means of communicating the reminder.

Information from stored and/or accessible data may be
extracted from one or more databases, such as for example
the user data component 116, refill data component 118,
indicator data component 120, probability data component
122, and/or reminder alert(s) component 124, and may be
utilized to predict trends and behavior patterns. The predic-
tive analytic techniques may be utilized to determine asso-
ciations and/or relationships between explanatory variables
and predicted variables from past occurrences and utilizing
these variables to predict the unknown outcome. The pre-
dictive analytic techniques may include defining the out-
come and data sets used to predict the outcome. Then, data
may be collected and/or accessed to be used for analysis.

For example, the machine learning components 126 may
access data from the indicator data component 120 and/or
reminder alert(s) component 124 relating to a particular user.
More specifically, the machine learning components 126
may access one or more health indicators associated with the
user and/or the type of refill reminder transmitted and/or
interaction received. From this information, the machine
learning components 126 may utilize the medication fillings
management model(s) to determine one or more health
indicators, or a combination of one or more health indica-
tors, associated with users that are more likely to miss a
refill, respond to or 1gnore a refill reminder, and/or the type,
content, delivery method, etc. associated with a refill
reminder that the user has, or i1s likely to, respond to.
Utilizing this information, the system 102 can 1dentify those
users at a higher risk of missing a refill and target effective
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reminders to prevent future missed refills. In addition, the
system 102 may identify health indicators not commonly
associated with high-risk users and/or health indicators that,
when taken individually, do not indicate a high-risk user but,
when taken in combination, identify that the user 1s, 1n fact,
high-risk for missed refills.

As used herein, a processor, such as processor(s) 110, may
include multiple processors and/or a processor having mul-
tiple cores. Further, the processors may comprise one or
more cores of diflerent types. For example, the processors
may include application processor units, graphic processing
units, and so forth. In one implementation, the processor
may comprise a microcontroller and/or a microprocessor.
The processor(s) 110 may include a graphics processing unit
(GPU), a microprocessor, a digital signal processor or other
processing units or components known 1n the art. Alterna-
tively, or 1n addition, the functionally described herein can
be performed, at least in part, by one or more hardware logic
components. For example, and without limitation, 1llustra-
tive types of hardware logic components that can be used
include field-programmable gate arrays (FPGAs), applica-
tion-specific integrated circuits (ASICs), application-spe-
cific standard products (ASSPs), system-on-a-chip systems
(SOCs), complex programmable logic devices (CPLDs), eftc.
Additionally, at least some of the processor(s) 110 may
possess 1ts own local memory, which also may store pro-
gram components, program data, and/or one or more oper-
ating systems.

The memory 114 may include volatile and nonvolatile
memory, removable and non-removable media implemented
in any method or technology for storage of information, such
as computer-readable nstructions, data structures, program
component, or other data. Such memory 114 includes, but 1s
not limited to, RAM, ROM, EEPROM, flash memory or
other memory technology, CD-ROM, digital versatile disks
(DVD) or other optical storage, magnetic cassettes, mag-
netic tape, magnetic disk storage or other magnetic storage
devices, RAID storage systems, or any other medium which
can be used to store the desired information and which can
be accessed by a computing device. The memory 114 may
be 1mplemented as computer-readable storage media
(“CRSM”), which may be any available physical media
accessible by the processor(s) 110 to execute instructions
stored on the memory 114. In one basic implementation,
CRSM may include random access memory (“RAM”) and
Flash memory. In other implementations, CRSM may
include, but 1s not limited to, read-only memory (“ROM”),
clectrically erasable programmable read-only memory
(“EEPROM”), or any other tangible medium which can be
used to store the desired information and which can be
accessed by the processor(s).

Further, functional components may be stored in the
respective memories, or the same functionality may alter-
natively be implemented in hardware, firmware, application
specific itegrated circuits, field programmable gate arrays,
or as a system on a chip (SoC). In addition, while not
illustrated, each respective memory, such as memory 114,
discussed herein may include at least one operating system
(OS) component that 1s configured to manage hardware
resource devices such as the network interface(s), the 1/O
devices of the respective apparatuses, and so forth, and
provide various services to applications or components
executing on the processors. Such OS component may
implement a variant of the FreeBSD operating system as
promulgated by the FreeBSD Project; other UNIX or UNIX-
like variants; a variation of the Linux operating system as
promulgated by Linus Torvalds; the FireOS operating sys-
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tem from Amazon.com Inc. of Seattle, Washington, USA;
the Windows operating system from Microsoit Corporation
of Redmond, Washington, USA; LynxOS as promulgated by
Lynx Software Technologies, Inc. of San Jose, California;
Operating System Embedded (Enea OSE) as promulgated
by ENEA AB of Sweden; and so forth.

The network mterface(s) 112 may enable communications
between the components and/or devices shown 1n environ-
ment 100 and/or with one or more other remote systems, as
well as other networked devices. Such network interface(s)
112 may include one or more network interface controllers
(NICs) or other types of transceiver devices to send and
receive communications over the network 108.

For instance, at least some of the network interface(s) 112
may include a personal area network (PAN) component to
enable communications over one or more short-range wire-
less communication channels. For instance, the PAN com-

ponent may enable communications compliant with at least
one of the following standards IEEE 802.15.4 (ZigBee),

IEEE 802.15.1 (Bluetooth), IEEE 802.11 (WiF1), or any
other PAN communication protocol. Furthermore, at least
some of the network interface(s) 112, 134, and/or 146 may
include a wide area network (WAN) component to enable
communication over a wide area network.

FIG. 2 1illustrates an example of generating or training a
model to i1dentity one or more users at risk for missing a
medication fill. For example, the one or more machine
learning components 126 of computing device(s) 102,
depicted and described in FIG. 1, may receive and/or
determine user information 202. In examples, the user
information 202 may include user data (e.g., user data
104(1),104(2), . .. 104(N)) and/or refill data (e.g., refill data
106(1), 106(2), . . . 106 (N)). In addition, the one or more
machine learning components 126, may receive and/or
determine reminder information 204. In examples, the
reminder information 204 may include reminder alert(s)
(c.g., reminder alert(s) 124(1), reminder alert(s)
124 (2), . . . reminder alert(s) 124 (N)) and/or refill data (e.g.,
refill data 106(1), 106(2), . . . 106 (N)).

The user information 202 and/or reminder information
204 may be utilized by the one or more machine learning
components 126 configured to execute one or more machine
learning algorithms to train one or more 1ndicator model(s)
206 to determine one or more health indicators associated
with users. In addition, the one or more machine learming
components 126 may be configured to 1dentify which of the
one or more health indicators, alone or 1n combination, are
associated with users that are more likely to miss a refill,
respond to or i1gnore a refill reminder, and/or the type,
content, delivery method, etc. associated with a refill
reminder that the user has, or i1s likely to, respond to.
Although the indicator model(s) 206 1s illustrated as a
decision-tree trained model, the machine learning compo-
nent(s) 126 may execute any type of supervised learning
algorithms (e.g., nearest neighbor, Naive Bayes, Neural
Networks, unsupervised learning algorithms, semi-super-
vised learming algorithms, reinforcement learning algo-
rithms, and so forth).

In examples, the user information 202 may include vari-
ous user data 104 and refill data 106. For example, the user
data 104 may include data associated with users such as
personal data, demographic data, health data, physical char-
acteristic data, prescription medication data, social data,
and/or any other data provided by users or able to be
obtained from medical records associated with the users. In
other examples, the refill data 106 may include data asso-
ciated with one or more medications prescribed to the users,
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such as refill schedules, frequency of refills, and/or dosage.
Additionally, the reminder information 204 may include
various data associated with the reminder alert(s) 124 that
have been, or will be, generated and transmitted to the user.
For example, the reminder alert(s) 124 may include data
such as the type of reminder generated, the content of the
reminder, and/or i1ndications of user interactions with the
reminder.

In examples, the machine learning component(s) 126 may
train the indicator model(s) 206 based at least in part on user
information 202 and refill information 204 received over
time. For example, the user information 202 and refill
information 204 may be associated with one or more per-
sons, referred to herein as users. The indicator model(s) 206
may be trained to determine one or more health indicators
associated with the users based at least in part on the user
information 202. For example, the indicator model(s) 206
may be trained to determine a health indicator indicating a
refill hustory associated with the user based at least 1n part on

historical data. For example, the indicator model(s) 206 may
determine, based at least in part on historical data associated
with the user’s refill, that the user misses 50% of his/her
refills. The one or more indicators may be utilized by the
indicator model(s) 206 to determine that the user 1s at a
high-risk of missing a future refill and requires a reminder.

In other examples, the indicator model(s) 206 may be
trained to determine one or more health indicators associated
with users that have a pattern of missing refills. For example,
the indicator model(s) 206 may utilize user information 202
and refill information 204 over time to learn that users
associated with one or more health indicators have a high
likelihood (e.g., over a certain threshold) of missing refills or
a high occurrence of missing refills. As a specific example,
the indicator model(s) 206 may be trained, over time, to
determine that users who are divorced and/or live 1n rural
areas have a high occurrence of missing refills, relative to
other users not associated with those health indicators. As
another specific example, the indicator model(s) 206 may be
trained, over time, to determine that users who having
certain physical characteristics, or ailments, may be more
prone to missing refills relative to other users. The one or
more health indicators, alone or 1n combination, associated
with high-risk users may be determined and stored as
predictive indicator data 208. In this way, when 1t 1s deter-
mined that another user 1s due for a refill, the system 102
may utilize the predictive indicator data 208 to predict 1f the
user will miss his/her refill and send a preemptive reminder.

Additionally, 1n examples, the indicator model(s) 206 may
be tramned, over time, to determine the type, content, and
means of communication that 1s most eflective for users
and/or associated with one or more health indicators. For
example, the indicator model(s) 206, utilizing the user
information 202 and refill information 204, may determine
that users of a certain age are more likely to refill a
medication if they receive a phone call reminder, in lieu of
an email reminder. For example, based at least in part on
historical user information 202 and refill information 204,
the indicator model(s) 206 may determine that user data 104
indicating that a user 1s of a certain age 1s associated with the
user responding to phone call reminders more often than
email reminders. Alternatively, or in addition to, the indi-
cator model(s) 206 may determine that a certain type of
reminder 1s most eflective among a current user group and
may generate all future reminders accordingly. As such, the
indicator model(s) 206 may be able to provide information
to the system 102 to allow generation and transmission of
intelligent, and targeted reminders to users, thereby increas-
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ing the likelihood that a user will interact with the reminder
and/or resulting in the user refilling his/her medication.

FIG. 3 illustrates a functional block diagram 300 of an
example system 302 for prospective medication fillings
management. The system 300 may perform the same or
similar functions as the system 102 described 1n FIG. 1. The
system 300 may comprise processor(s) 304 that are opera-
tively connected to an imput interface 306 and a memory
308.

The memory 308 may store user data 310, refill data 312,
indicator data 314, probability data 316, reminder alert(s)
318, and/or machine learning components 320. In examples,
the user data 310 may include both user provided data 310
and accessed user data 324. For example, the user provided
data 310 may include personal data provided by one or more
users during a setup or onboarding process. For instance, the
user provided data 310 may include physical characteristics,
relationship status, medical history, etc. In examples, the
accessed user data 324 may include user data accessed from
a third-party system or database. For example, system 302
may access, via the processor(s) 304, a third-party databased
or healthcare system and obtain user information associated
with one or more users. The system 302 may store the
accessed user data 324 within the user data 310 component
of the memory 308 for use.

In examples, the memory 308 may store refill data 312
including prescription information 326 provided to the sys-
tem 302 and associated with one or more medications
prescribed to the one or more users. For example, the
prescription information may include dosage(s), administra-
tion istruction(s), an amount of refills remaining, refill
schedule(s), preferred pharmacy location(s), brand informa-
tion and/or generic equivalents, etc. associated with the
prescribed medication(s). The refill data 312 may be utilized
by the system to determine such information as when a user
1s due for a refill (e.g., that a refill of a medication will occur
within a certain time period), and/or where the refilling
tacility 1s located.

In embodiments, the memory 308 may store indicator
data 314 including health indicators 328 and/or learned
indicators 330. The health indicators 328 may include one or
more health indicators associated with users that have been
provided to the system 302 and/or accessed by the system
302. The health indicators may include, but not be limaited to,
refill history, medical history, chronic ailments, social 1ndi-
cators, physical characteristics, current living information,
demographic information, etc. Alternatively, or 1n addition
to, the indicator data 314 may include learned indicators
330. The learned indicators 330 may include one or more
health 1indicators determined by the machine learning com-
ponents 320. For example, the machine learning components
320 may utilize the user data 310 and refill data 312 to
determine one or more health indicators associated with
users.

In other embodiments, the memory 308 may store prob-
ability data 316 including predetermined probability data
332 and learned probability data 334. The predetermined
probability data 332 and learned probability data 334 may
include probability data indicating a threshold over which a
user 1s considered high-risk, or more likely to miss a refill of
a medication. For example, the predetermined probabaility
data 332 may include probabaility thresholds that have been
predetermined by the system 302 or pre-programmed 1nto
the system 302. The predetermined probability data 332 may
be calculated based at least in part on historical data,
observations, etc. The learned probability data 334 may be
determined utilizing the one or more machine learning
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components 320. For example, the machine learning com-
ponents 320 may implement one or more predictive algo-
rithms and/or application programming interfaces (APIs) to
calculate the learned probability data 334 based at least 1n
part on the user data 310 and refill data 312.

In embodiments, the memory 308 may store reminder
alert(s) 318 including reminder types 336 and user response
data 338. For example, the reminder types 336 may include
one or more types of reminders available for generation and
transmission to a user. Examples may include types device
notifications (e.g., text messages, call phones, emails, etc.)
and/or content to be included 1n the reminder such as links
to assist a user 1n scheduling a refill, arranging transportation
to a refill facility, prerecorded content or notification fea-
tures, etc. In addition, the user response data 338 may
include data indicating an interaction of the user with the
reminder, a lack of interaction with the reminder, and/or the
type ol interaction (e.g., selections) associated with each
reminder and/or each reminder type. For example, the user
response data 338 may indicate that the user opened the text
message reminder alert, but did not select any links
included. In another example, the user response data 338
may indicate that the user did not open the reminder alert at
all.

In another embodiment, the memory 308 may store one or
more machine learning components 320 including learned
indicator data 340 and eflective reminder types 342. For
example, the machine learning components 320 may 1mple-
ment one or more machine learning algorithms to train one
or more 1ndicator model(s), such as indicator model(s) 206
described 1n Figured 2, to determine one or more health
indicators associated with users and, 1n addition, to identity
which of the one or more health indicators, alone or in
combination, are associated with users that are more likely
to miss a refill, respond to or 1gnore a refill reminder, and/or
the type, content, delivery method, etc. associated with a
refill reminder that the user has, or 1s likely to, respond to.

In addition, the machine learning components 320 may
implement one or more machine learning algorithms to
determined one or more etlective reminder types 342 indi-
cating reminder types that the user has interacted with and/or
have caused the user to refill his/her medication(s). For
example, the machine learning components 320 may deter-
mine, based at least 1n part on the reminder alert(s) data 318
that a certain reminder type 1s more eflective than others
(e.g., elicits a higher user response and/or causes more users
to refill their medications). In addition, the machine learming,
components 320 may determine which reminder type 1is
most eflective for a user associated with one or more health
indicators. For example, over time, it may be determined
that text message notifications cause more users under a
certain age to interact with the text message and/or schedule
a refill as a result of the text message. The machine learning
component(s) 320 may execute any type ol supervised
learning algorithms (e.g., nearest neighbor, Naive Bayes,
Neural Networks, unsupervised learning algorithms, semi-
supervised learning algorithms, reinforcement learning
algorithms, and so forth.

As used herein, a processor, such as processor(s) 304, may
include multiple processors and/or a processor having mul-
tiple cores. Further, the processors may comprise one or
more cores of diflerent types. For example, the processors
may include application processor units, graphic processing
units, and so forth. In one implementation, the processor
may comprise a microcontroller and/or a microprocessor.
The processor(s) 304 may include a graphics processing unit
(GPU), a microprocessor, a digital signal processor or other
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processing units or components known in the art. Alterna-
tively, or 1n addition, the functionally described herein can
be performed, at least 1n part, by one or more hardware logic
components. For example, and without limitation, 1llustra-
tive types of hardware logic components that can be used
include field-programmable gate arrays (FPGAs), applica-
tion-specific integrated circuits (ASICs), application-spe-
cific standard products (ASSPs), system-on-a-chip systems
(SOCs), complex programmable logic devices (CPLDs), etc.
Additionally, at least some of the processor(s) 110 may
possess 1ts own local memory, which also may store pro-
gram components, program data, and/or one or more oper-
ating systems.

The memory 308 may include volatile and nonvolatile
memory, removable and non-removable media implemented
in any method or technology for storage of information, such
as computer-readable 1nstructions, data structures, program
component, or other data. Such memory 114 includes, but 1s
not limited to, RAM, ROM, EEPROM, flash memory or
other memory technology, CD-ROM, digital versatile disks
(DVD) or other optical storage, magnetic cassettes, mag-
netic tape, magnetic disk storage or other magnetic storage
devices, RAID storage systems, or any other medium which
can be used to store the desired information and which can
be accessed by a computing device. The memory 308 may
be 1mplemented as computer-readable storage media
(“CRSM”), which may be any available physical media
accessible by the processor(s) 110 to execute instructions
stored on the memory 308. In one basic implementation,
CRSM may include random access memory (“RAM”) and
Flash memory. In other implementations, CRSM may
include, but 1s not limited to, read-only memory (“ROM”),
clectrically erasable programmable read-only memory
(“EEPROM™), or any other tangible medium which can be
used to store the desired information and which can be
accessed by the processor(s).

Further, functional components may be stored in the
respective memories, or the same functionality may alter-
natively be implemented 1n hardware, firmware, application
specific mtegrated circuits, field programmable gate arrays,
or as a system on a chip (SoC). In addition, while not
illustrated, each respective memory, such as memory 308,
discussed herein may include at least one operating system
(OS) component that 1s configured to manage hardware
resource devices such as the network interface(s), the 1/O
devices of the respective apparatuses, and so forth, and
provide various services to applications or components
executing on the processors. Such OS component may
implement a variant of the FreeBSD operating system as
promulgated by the FreeBSD Project; other UNIX or UNIX-
like variants; a variation of the Linux operating system as
promulgated by Linus Torvalds; the FireOS operating sys-
tem from Amazon.com Inc. of Seattle, Washington, USA;
the Windows operating system from Microsoit Corporation
of Redmond, Washington, USA; LynxOS as promulgated by
Lynx Software Technologies, Inc. of San Jose, California;
Operating System Embedded (Enea OSE) as promulgated
by ENEA AB of Sweden; and so forth.

The network interface(s) 306 may enable communica-
tions between the components and/or devices and/or with
one or more other remote systems, as well as other net-
worked devices. Such network interface(s) 306 may include
one or more network interface controllers (NICs) or other
types of transceiver devices to send and recerve communi-
cations over a network.

For instance, at least some of the network interface(s) 112
may include a personal area network (PAN) component to
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enable communications over one or more short-range wire-
less communication channels. For instance, the PAN com-

ponent may enable communications compliant with at least
one of the following standards IEEE 802.15.4 (ZigBee),
IEEE 802.15.1 (Bluetooth), IEEE 802.11 (WiF1), or any
other PAN communication protocol. Furthermore, at least
some of the network interface(s) 306 may include a wide
area network (WAN) component to enable communication
over a wide area network.

FIGS. 4-6 illustrate various flow diagrams of example
processes for prospective medication fillings management.
The processes described herein are illustrated as collections
of blocks 1n logical flow diagrams, which represent a
sequence of operations, some or all of which may be
implemented 1n hardware, software or a combination
thereof. In the context of software, the blocks may represent
computer-executable instructions stored on one or more
computer-readable media that, when executed by one or
more processors, program the processors to perform the
recited operations. Generally, computer-executable nstruc-
tions mclude routines, programs, objects, components, data
structures and the like that perform particular functions or
implement particular data types. The order in which the
blocks are described should not be construed as a limitation,
unless specifically noted. Any number of the described
blocks may be combined 1n any order and/or in parallel to
implement the process, or alternative processes, and not all
of the blocks need be executed. For discussion purposes, the
processes are described with reference to the environments,
architectures and systems described 1n the examples herein,
such as, for example those described with respect to FIGS.
1-3, although the processes may be implemented 1n a wide
variety ol other environments, architectures, and systems.

FIG. 4 illustrates a flow diagram of an example process
400 for medication fillings management. The order 1n which
the operations or steps are described i1s not mtended to be
construed as a limitation, and any number of the described
operations may be combined 1n any order and/or 1n parallel
to 1implement process 400.

At block 402, the process 400 may include receiving user
information including user data associated with users and a
refill schedule associated with medications prescribed to the
users. For example, the systems for medication fillings
management described herein may receive user information
including user data and a refill schedule. The user data may
include data associated with the users such as personal data,
demographic data, health data, physical characteristic data,
prescription medication data, and/or social data. The refill
schedule may include dates when the user 1s due for a refill
and/or medication information such as the brand, dosage,
refills remaining, preferred pharmacy, accepted generics,
etc.

At block 404, the process 400 may include 1dentifying a
health indicator associated with a first user. For example, the
system may access and/or analyze the user data and/or refill
data to determine health indicators associated with the first
user such as a refill history, medical conditions, physical
characteristics, social indicators, etc. Alternatively, or 1n
addition to, the system may utilize one or more machine
learning techniques to determine the health indicator, as
described herein.

At block 406, the process 400 may include determining
that a refill of a first medication will occur within a first
threshold period of time. For example, the system may
analyze the refill schedule associated with the user and the
medication to determine that the user 1s due for a refill within
a certain timeframe/period of time.
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At block 408, the process 400 may include determining a
first probability that the first user will miss refilling the first
medication. For example, the system may analyze the user
data and/or health indicators, such as the refill history, to
determine that the user will miss his/her refill. For instance,
the system may analyze the refill history of the user to
determine that the user has missed 30% of his/her past refills
and, therefore, determine a probability that the user will miss
the upcoming refill of the medication. Alternatively, or in
addition to, the system may utilize the one or more machine
learning techniques to determine the {first probability, as
described herein.

At block 410, the process 400 may include determining,
that the first probability exceeds a first probability threshold.
For example, the system may compare the first probability
to a threshold to determine if the first probability exceeds the
probability threshold. In examples, the first probability
threshold may be predetermined or pre-programmed 1nto the
system. In other examples, the first probability threshold
may be determined via one or more machine learming
techniques, as described herein.

At block 412, the process 400 may include generating a
first reminder to refill the first medication. For example, 1n
response to determiming that the first probability exceeds the
probability threshold, the system may determine that the
user 1s high-risk, meaning he/she 1s likely to miss the refill,
and therefore needs a reminder. As such, the system may
generate a reminder to refill the medication. The reminder
may include a variety of content, such as links to schedule
the refill or to choose a refill facility, as well as a variety of
delivery formats, such as text, email, or phone call.

At block 414, the process 400 may include transmitting
the first reminder to a device associated with the first user.
For example, the system may transmit the first reminder to
a user device such as a smart phone, computer, tablet, etc.

At block 416, the process 400 may include receiving an
indication that the first user has refilled the first medication.
For example, the system may receive an indication that the
first user has refilled the first medication directly from the
user or from the refill facility. In examples, the indication
may also indicate that the user has interacted with the
reminder and/or the type of interaction. The indication may
help the system determine whether the refill was aided, or
the result of, the reminder and/or whether the reminder was
an effective, 1n both form of communication and content, 1n
achieving user interaction.

At block 418, the process 400 may include determining
that a refill of a second medication will occur within a
second threshold period of time. For example, the system
may access the user data and/or refill schedules and deter-
mine that a second user 1s due for a medication refill.

At block 420, the process 400 may include predicting,
based at least 1n part on one or more machine learnming
techniques, that the second user will miss refilling the
second medication. For example, the system may implement
one or more machine learning techniques, as described
herein, that may determine, over time, health indicators,
individually or in combination, that are associated with users
likely to miss a refill. As such, when another user 1s due for
a refill, the system may be able to determine one or more
health indicators associated with the user and determine it
the one or more health indicators are associated with those
determined by the system to be associated with high-risk
users. I the indicators are associated (e.g., if indicators of
the user and indicators of a high-risk user have an exact
match and/or partial match, 1f combinations of indicators of
a high-risk user and indicators of the user have a full and/or
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partial overlap, if indicators of the user match with various
combinations of indicators deemed to be high-risk, etc.), the
system may predict that the second user will also miss
refilling his/her medication.

At block 422, the process 400 may include generating a
second reminder to refill the second medication. For
example, the system may generate a second reminder for
transmission to the second user to remind him/her to refill
theirr medication 1n a timely manner.

FIG. 5 illustrates a flow diagram ol another example
process 300 for medication fillings management. The order
in which the operations or steps are described 1s not intended
to be construed as a limitation, and any number of the

described operations may be combined 1n any order and/or
in parallel to implement process 500.

At block 502, the process 500 may include receiving data
from additional users including reminders to refill reminders
sent to devices associated with the additional users and
indications that the additional users have refilled the medi-
cations. For example, the system may receive data that
includes refill reminder alert(s) that have been sent to the
additional users 1n response to determining that the user(s)
are high-risk, or likely to miss a refill, by one or more of the
techniques described herein such as machine learning,
evaluating health indicators associated with the user(s), etc.
Additionally, the system may receive indications that users
have refilled the medications. The indications may come
directly from the user, user device, and/or the refill facility.
In examples, the indications may also indicate which users
have interacted with the reminder, the type of reminder,
and/or the type of interaction. These indications may help
the system determine whether the refills were aided by, or
are the result of, the reminders and/or whether the reminders
were elfective, 1n both form of communication and content,
and 1n achieving general user interaction.

At block 504, the process 500 may include determining,
based on machine learning techniques, combinations of
indicators that are associated with probabilities exceeding
the first probability threshold, the probabilities indicating
that the additional users will miss refills. For example, the
one or more machine learning techniques, over time, may
determine the certain combinations of indicators are asso-
ciated with users who are more likely to miss a refill, as
described herein. As the system analyzes data associated
with more users, the system may be able to more accurately
determine the indicators associated with the most high-risk
users.

At block 506, the process 500 may include determining
that a refill of a medication will occur within a threshold
period of time. For example, the system may access the user
data and/or refill schedules and determine that a user 1s due
for a medication refill within a certain time frame. Alterna-
tively, or 1n addition to, the system may receive a notification
that the user 1s due for a refill from a medical facility, the
refill facility, efc.

At block 3508, the process 500 may include predicting,
based at least 1n part on the combinations of indicators and
machine learning techniques, that the user will miss refilling
the medication. For example, the system may determine one
or more 1ndicators associated with the user and may com-
pare the one or more indicators to high-risk combinations
determined at block 504. If there 1s an association, the
system may determine that the user 1s at risk for missing a
medication refill. For example, the association may com-
promise an overlap of combinations of indicators, a full or
partial matching of indicators, etc.
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At block 510, the process 500 may include generating a
reminder to refill the medication. For example, the system
may generate a reminder for transmission to the user to
remind him/her to refill their medication 1n a timely manner.

FIG. 6 illustrates a flow diagram of another example
process 600 for medication fillings management. The order
in which the operations or steps are described is not intended
to be construed as a limitation, and any number of the
described operations may be combined 1n any order and/or
in parallel to implement process 600.

At block 602, the process 600 may include receiving a
refill schedule associated with a user and a medication. For
example, the systems for medication fillings management
described herein may receive a refill schedule. The refill
schedule may include dates when the user 1s due for a refill
and/or medication information such as the brand, dosage,
remaining refills, preferred refill method, accepted generics,
etc.

At block 604, the process 600 may include accessing user
data associated with the user. For example, the system may
access user data associated with the user either from a local
user data database and/or from a third-party database or
system having user data associated with the user.

At block 606, the process 600 may include determining,
based at least 1n part on the user data and one or more
machine learning techniques, indicators associated with the
user. For example, the system may access and/or analyze the
user data and/or refill schedule to determine one or more
health indicators associated with the user. Alternatively, or in
addition to, the system may utilize one or more machine
learning techniques to determine the one or more health
indicators, as described herein. For example, the indicator
model(s) 206 may be traimned to determine one or more
health indicators associated with the user, such as an i1ndi-
cator indicating a refill history associated with the user based
on historical refill data.

At block 608, the process 600 may include determining
that a refill of the medication will occur within a threshold
period of time. For example, the system may analyze the
refill schedule to determine that the user 1s dur for a refill.

At block 610, the process 600 may include determining a
probability that the user will miss refilling the medication.
For example, the system may analyze the user data and/or
health indicators to determine that the user will miss his/her
refill. For instance, the system may analyze a social health
indicator of the user to determine that the user does not have
a motor vehicle and lives very distance from the refill facility
and, therefore, determine a probability that the user will miss
the upcoming refill of the medication. Alternatively, or in
addition to, the system may utilize the one or more machine
learning techniques to determine the probability, as
described herein.

At block 612, the process 600 may include determining
that the probability exceeds a probability threshold. For
example, the system may compare the probability to a
threshold to determine 1f the probability exceeds the prob-
ability threshold. In examples, the first probability threshold
may be predetermined or pre-programmed into the system.
In other examples, the first probability threshold may be
determined via one or more machine learning techniques, as
described herein.

At block 614, the process 600 may include transmitting a
reminder to a device associated with the user. For example,
the system may transmit the first reminder to a user device
such as a smart phone, computer, tablet, etc.

At block 616, the process 600 may include receiving an
indication that the first user has refilled the first medication.
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For example, the system may receive an indication that the
user has placed the request for the refill or picked up the refill
from the refill facility. In examples, the indication may also
indicate that the user has interacted with the reminder and/or
the type of interaction to help determine an effectiveness
associated with the reminder.

At block 618, the process 600 may include determining
that a second user 1s due for a refill of a second medication.
For example, the system may access the user data and/or
refill schedules and determine that a second user 1s due for
a medication refill.

At block 620, the process 600 may include predicting,
based at least in part on one or more machine learning
techniques, that the second user will miss refilling the
second medication. For example, the system may implement
one or more machine learning techniques, as described
herein, that may determine, over time, health indicators,
individually or 1n combination, that are associated with users
likely to miss a refill. As such, when another user 1s due for
a refill, the system may be able to determine one or more
health indicators associated with the user and determine 1f
the one or more health indicators are associated with those
determined by the system to be associated with high-risk
users. If the indicators are associated, the system may
predict that the second user will also miss refilling his/her
medication.

At block 622, the process 600 may include generating a
second reminder to refill the second medication. For
example, the system may generate a second reminder for
transmission to the second user to remind him/her to refill
their medication prior to the missed refill.

While the foregoing invention 1s described with respect to
the specific examples, 1t 1s to be understood that the scope
of the mvention 1s not limited to these specific examples.
Since other modifications and changes varied to fit particular
operating requirements and environments will be apparent to
those skilled in the art, the invention i1s not considered
limited to the example chosen for purposes of disclosure,
and covers all changes and modifications which do not
constitute departures from the true spirit and scope of this
ivention.

Although the application describes embodiments having
specific structural features and/or methodological acts, 1t 1s
to be understood that the claims are not necessarily limited
to the specific features or acts described. Rather, the specific
features and acts are merely illustrative some embodiments
that fall within the scope of the claims of the application.

What 1s claimed 1s:

1. A system comprising:

one or more processors; and

computer-readable media storing first computer-execut-

able 1instructions that, when executed by the one or
more processors, cause the one or more processors to
perform operations comprising:

recetving user information including (1) user data asso-

ciated with users, (2) first user input data indicating
prior interactions with the system, (3) a refill schedule
associated with medications prescribed to the users,
and (4) a refill history associated with medications
prescribed to the users;

identifying, based at least 1n part on the user data, a health

indicator associated with a first user of the users, the
health indicator including at least one of refill history
data, medical history data, social data, or prescription
data;

determining, based at least 1n part on the refill schedule

and the first user input data, that a first refill of a first
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medication prescribed to the first user will occur within
a first threshold period of time;

determining, based at least 1n part on the health indicator,
a first probability that the first user will miss refilling
the first medication, the first probability associated with
a combination of indicators that the first user will miss
refilling the first medication;

determining that the first probability exceeds a first prob-

ability threshold;

generating a {irst machine learning model configured to
determine a type of reminder;
training the first machine learming model based at least 1n
part on previous interaction data associated with vari-
ous reminder types such that a first trained machine
learning model 1s generated;
determining, utilizing the first tramned machine learning
model, the type of reminder to send, wherein the first
trained machine learning model utilizes, as mput, (1)
the health 1indicator, (2) the refill schedule, (3) the refill
history, (4) the first user input data, (5) previous inter-
action data of the first user with reminder types, (6)
computing devices associated with the first user, and
(7) software technology associated with the first user;
generating, based at least 1n part on the determining that
the first probability exceeds the first probability thresh-
old, a first reminder to refill the first medication, the
first reminder formatted as the type of reminder,
wherein generating the first reminder includes gener-
ating an interactive link as at least a portion of the first
reminder, the interactive link configured to, when
selected by the first user:
display a user interface with a list of selectable actions
assoclated with the first reminder, the selectable
actions including scheduling a refill, having the
medication delivered to the user, arranging transpor-
tation of the user to a location associated with the
medication, and preparing the medication for an
in-person pickup; and
adaptively perform at least one of the selectable actions
based at least 1n part on recerving second user mput
data indicating selection of the at least one of the
selectable actions;
transmitting the first reminder to a device associated with
the first user, the first reminder causing an application
associated with the device to initiate and cause the user
interface to be displayed, the user interface configured
to present a visual representation of the first reminder
with the interactive link in response to receiving the
first reminder at the device:
receiving the second user input data;
generating a second machine learning model configured
to predict whether medication {fills will be missed;
generating a traming dataset corresponding to the health
indicator, the first probability, the first reminder, and the
second user mnput data;
training the second machine learning model utilizing at
least the training dataset such that a second trained
machine learning model 1s generated by identifying
relationships between the health indicator, the first
probability, first reminder, and the second user input
data;
determining, based at least in part on the refill history, that
a second refill of a second medication prescribed to a
second user will occur within a second threshold period
of time;
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generating input data representing health indicators asso-
ciated with the second user, the input data formatted for
input to the second trained machine learning model;

generating, utilizing the second trained machine learning,
model and the input data, results data indicating the

second user will miss refilling the second medication;
and

generating, based at least in part on the results data, a
second reminder to refill the second medication.

2. The system of claim 1, wherein the social data includes

data associated with at least one of a marital status, a housing
status, or a caregiver status.

3. The system of claim 1, wherein the health indicator

comprises first health indicators, the operations further com-
prising at least one of:

determining, based at least in part on machine learning
techniques, that a first combination of the first health

indicators 1s associated with the first probability
exceeding the first probabaility threshold; or

determining, based at least in part on the machine learning,
techniques, that a second combination of the first health
indicators 1s associated with the first probability being
below the first probability threshold.

4. The system of claim 3, the operations further compris-

ng:

identifying, based at least in part on the user data, the
second user input data, second health indicators asso-
ciated with the second user;

comparing the second indicators to the first combination
of the first health indicators; and

determining an association between the second indicators
and the first combination of the first health indicators.

5. The system of claim 1, the operations further compris-

ng:

recerving data from additional users, the data including
reminders to refill medications sent to devices associ-
ated with the additional users and indications that the
additional users have refilled the medications;

determining, based at least in part on machine learning
techniques, combinations of indicators that are associ-
ated with probabilities exceeding the first probabaility
threshold, the probabilities indicating that the addi-
tional users will miss refills;

determiming, based at least 1n part on the refill history, that
a third refill of a third medication prescribed to a third
user will occur within a third threshold period of time;

predicting, based at least 1n part on the combinations of
indicators and the machine learning techniques, that the
third user will miss refilling the third medication; and

generating, based at least in part on the prediction that the
third user will miss refilling the third medication, a
third reminder to refill the third medication.

6. The system of claim 3, the operations further compris-

ng:

identifying, based at least 1n part on the user data, third
health indicators associated with the third user:

comparing the third health indicators to the combinations
of the indicators; and

determining an association between the third health 1ndi-
cators and a combination of the combinations.

7. The system of claim 3, wherein generating the third

reminder to refill the third medication includes generating
the type of reminder associated with the combination.
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8. The system of claim 1, the operations further compris-

ng:

determining a device type of the device; and

wherein generating the reminder 1s based at least 1n part
on the device type.

9. A computer-implemented method comprising:

generating a {irst machine learning model configured to
predict whether medication fills will be missed;

generating a traiming dataset corresponding to multiple
health indicators associated with users and first user
input data associated with users that reminders sent to
the users led to successtul medication fills;

training the first machine learning model utilizing at least
the training dataset such that a first trained machine
learning model 1s generated by i1dentitying relation-
ships between the multiple health indicators and the
first user iput data that reminders sent to the users led
to successiul medication fills;

receiving health indicators associated with a user, the user
prescribed a medication;

generating mput data representing the health indicators
associated with the user and the first user mput data
associated with the user, the mput data formatted for
input to the first trained machine learning model;

generating, utilizing the first trained machine learning
model and the input data, results data indicating a
probability that the user will miss refilling the medica-
tion exceeds a threshold probability, the probability
associated with a combination of indicators that the
user will miss refilling the first medication;

receiving a notification that a refill of the medication waill
occur within a threshold period of time;

generating a second machine learning model configured
to determine a type of reminder to send;

training the second machine learning model based at least
in part on previous interaction data associated with
various reminder types such that a second trained
machine learning model 1s generated;

determining, utilizing the second trained machine learn-
ing model, the type of reminder associated with the
combination using (1) the health indicators, (2) previ-
ous interaction data of the user with reminder types, (3)
second user mput data associated with the user, (4)
computing devices associated with the user, and (5)
soltware technology associated with the user; and

based at least 1n part on receiving the notification and the
results data, transmitting a reminder to a device asso-
ciated with the user, wherein the reminder includes an
interactive link as at least a portion of the reminder, the

interactive link configured to, when selected by the

user:

display a user interface with a list of selectable actions
associated with the first reminder, the selectable
actions including scheduling a refill, having the
medication delivered to the user, arranging transpor-
tation of the user to a location associated with the
medication, and preparing the medication for an
in-person pickup; and

adaptively perform at least one of the selectable actions
based at least in part on receiving the second user
input data indicating selection of the at least one of
the selectable actions, the reminder causing an appli-
cation associated with the device to initiate and cause
a user interface to be displayed, the user interface
configured to present a visual representation of the
reminder including the iteractive link 1n response to
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receiving the reminder at the device, the reminder
being of the type of reminder associated with the
combination.

10. The computer-implemented method of claim 9, the
method further comprising;

determining, based at least in part on machine learning

techniques, that a combination of the health indicators
and historical user mput data 1s associated with the
probability exceeding the probability threshold.

11. The computer-implemented method of claim 10,
wherein the user comprises a first user, the health indicators
comprise first health indicators, the medication comprises a
first medication, and the threshold period of time comprises
a first threshold period of time, the method further compris-
ng:

recetving second health indicators associated with a sec-

ond user, the second user prescribed a second medica-
tion;

recerving a second notification that a second refill of the

second medication will occur within a second threshold
period of time;

predicting, utilizing the first trained machine learning

model, that the second user will miss refilling the
second medication; and

generating, based at least 1 part on the prediction, a

second reminder to refill the second medication.

12. The computer-implemented method of claim 11,
wherein predicting that the second user will miss refilling
the second medication comprises:

comparing the second health indicators associated with

the second user to the combination of the health indi-
cators; and

determining an association between the second health

indicators and the combination.

13. The computer-implemented method of claim 9, fur-
ther comprising:

determining a device type of the device; and

wherein generating the reminder 1s based at least 1n part

on the device type.
14. A method comprising:
generating a first machine learning model configured to
predict whether medication fills will be missed;

generating a training dataset corresponding to health-
related data associated with users and first user 1nput
data indicating prior interactions with a medication-
related system that led to successtul medication fills or
refills;

training the first machine learning model utilizing at least

the training dataset such that a first trained machine
learning model 1s generated by i1dentifying relation-
ships between the health-related data associated with
users, the first user input data, and the reminders sent to
the users led to successtul medication fills;

recerving a refill schedule associated with a user and a

medication;

accessing user data associated with the user;

determiming, based at least 1n part on the user data,

indicators associated with the user;

determining, based at least 1n part on the refill history, that

a refill of the medication will occur within a threshold
period of time;

generating mput data representing the indicators associ-

ated with the user, the input data formatted for input to
the first tramned machine learning model;

generating, utilizing the first trained machine learning

model and the input data, results data indicating a
probability that the user will miss refilling the medica-
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tion satisfies a probability threshold, the probability 16. The method of claim 14, the method further compris-
associated with a combination of indicators that the ing determining that a combination of the indicators is
user will miss refilling the first medication; associated with the probability exceeding the probability
generating a second machine learning model configured threshold.

17. The method of claim 14, wherein the user 1s a first
user, the medication 1s a first medication, the threshold
period of time 1s a first threshold period of time, and the
reminder 1s a first reminder, the method further comprising;:

to determine a reminder type to send; d
training the second machine learning model based at least
in part on previous interaction data associated with

various reminder types such that a second trained accessing data from additional users, the data including
machine learning model 1s generated; reminders to refill medications sent to devices associ-
determining, utilizing the second trained machine learn- 0 ated with the additional users and indications that the
ing model, the type of reminder associated with the additional users have refilled the medications;
combination using (1) the indicators associated with the determining combinations of indicators that are associ-
user, (2) the refill schedule, (3) the refill history, (4) the ated with probabilities exceeding the probability

threshold, the probabilities indicating that the addi-
15 tional users will miss refills;
determining, based at least 1n part on the data, that a refill
of a second medication prescribed to the second user
will occur within a second threshold period of time;

second user iput data, (5) previous interaction data of
the user with reminder types, (6) computing devices
associated with the user, and (7) software technology
associated with the user; and

transmitting, based at least in part on the results data, a predicting, based at least in part on the first trained
reminder to a device associated with the user, wherein 2q machine learning model, that the second user will miss
the reminder includes an interactive link as at least a refilling the second medication; and
portion of the reminder, the interactive link configured generating, based at least in part on the prediction that the
to, when selected by the first user: second user will miss refilling the second medication,

a second reminder to refill the second medication.

55 18. The method of claim 17, wherein the indicators are
first indicators and the predicting that the second user will
miss refilling the second medication comprises:

accessing second user data associated with the second

display a user intertface with a list of selectable actions
associated with the first reminder, the selectable
actions 1ncluding scheduling a refill, having the
medication delivered to the user, arranging transpor-

tation of the user to a location associated with the user:

medication, and preparing the medication for an determining, based at least 1n part on the second user data,

in-person pickup; and 50 second 1ndicators associated with the second user;
adaptively perform at least one of the selectable actions comparing the second indicators to the combinations of

based at least 1n part on receiving third user input indiqa’gor s; and o

data indicating selection of the at least one of the determining an association between the second health

indicators and a combination of the combinations.

3> 19, The method of claim 17, the method further compris-
ing determining, based at least in part on the indications
received, that the type ol reminder of the reminders 1s
associated with a threshold number of the indications.

20. The method of claim 14, further comprising;

determining a device type of the device; and

wherein generating the reminder 1s based at least i part

on the device type.

selectable actions, the reminder causing an applica-
tion associated with the device to initiate and cause

the user interface to be displayed, the user interface
configured to present a visual representation of the
reminder 1n response to receiving the reminder at the
device, the reminder formatted as the type of ,,
reminder associated with the combination.
15. The method of claim 14, wherein the indicators
include at least one of refill history data, medical history
data, social data, or prescription data. I I
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